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Abstract 
This paper addresses a multi-objective production distribution problem to minimize both total weighted tardiness 
and total distribution cost. It is an NP hard problem with two objectives. The first objective is to sequence the orders 
on a production line such that it will decrease the tardiness of orders and the second objective is to ship those orders 
by considering routing and heterogeneous fleet of vehicles, if possible and thereby decrease the distribution cost. To 
solve the above problem, this work proposes a Clonal selection algorithm. This algorithm uses several strategies for 
generating the initial population and selecting the individuals for reproduction. Different mutation operators are also 
utilized for reproducing new individuals. The same algorithm is extended for considering routing between customers 
and heterogeneous fleet of vehicles. Finally, a Pareto optimal analysis is done to have a diverse set of solutions 
which are suitable for the environment prevailing at customers end. 
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1. Introduction 
Multi-objectives are obvious in most of the practical decision making problems. In a supply chain, cost and 
service level are the two main objectives of interest, which are conflicting in nature. These types of conflicting 
objectives require a multi-objective analysis. The aim of this work is to find out a better compromise solution for 
both the objectives rather than a solution that better optimizes one objective and lead to poorly satisfy the other 
objective. There is no such single solution exists for multi-objective analysis. This diverse set of solutions along 
with the decision maker’s preference influences the selection of a better final solution. 
Production and distribution operations are the two most important operational functions in a supply chain. In 
order to achieve an optimal operational performance in a supply chain, it is critical to integrate production and 
distribution functions (Cakici et al. 2011). In the literature, various types of coordination are discussed. This work 
also deals with the coordination of production and distribution functions in a supply chain. The main aim of a 
production-distribution system is to maximize customer service level (i.e. to maximize the fraction of customer 
orders filled on or before their due dates) and minimize unit distribution cost. Both of these objectives being 
conflicting, an optimal solution is possible only by a collaborative decision model. 
In the present work, two objectives considered are total weighted tardiness and total distribution cost. Total 
weighted tardiness is summation of the product of tardiness and weight of each order and total distribution cost is 
the summation of the distribution cost of the vehicle to which orders are assigned. Initially a mathematical model is 
adopted from Cakici et al. 2011 and the model is solved using an optimization modeling software, LINGO 11.0. 
Using this software, Global optimum solution is obtained if number of orders in the problem is quite less. Whenever 
the order size increases computational effort needed grows exponentially with problem size. Hence, it is unable to 
give optimal solution in reasonable time. To solve the problems in which number of orders is high, a non-traditional 
algorithm is to be proposed. Clonal Selection Algorithm from the suite of artificial immune systems algorithms that 
is inspired by the Clonal selection theory of acquired immunity is applied in this work. Finally, the results obtained 
from the algorithm are compared with the results given by LINGO 11.0. 
The production distribution problem adopted from Cakici et al. considers a direct shipping strategy from 
manufacturer to customer using homogeneous fleet of vehicles and without considering any routing. The key 
objective of any distribution operations is to utilize the vehicle capacity optimally. Vehicles can improve the fleet 
utilization through vehicle routing. The present work proposes routing between customers whenever it is possible 
without affecting the objective value. But, the two objectives considered in this work are conflicting in nature. By 
using non-dominated solutions, a Pareto optimal front is plotted to get a diverse set of solutions. 
The remaining part of this paper is organized as follows. In section 2, a brief literature review is presented. 
Section 3 describes the problem definition and solution methodology. Section 4 presents the results and discussion 
and section 5 concludes the paper with further scope of research. 
2. Literature review 
Several researchers have studied the decision problems in production-distribution systems. Steinrücke (2011) 
presents minimization of production cost, transportation cost, and bonus payments. A mixed-integer decision-
making model by relaxing and/or fixing is used to formulate and solve the multi objective optimization problem. 
Exact methods are, however, generally not very useful when a problem complexity is high.  Cakici et al. (2011) 
consider minimization of total distribution costs and total weighted tardiness as objective function. A Pareto optimal 
solution method using a non-dominated sorting genetic algorithm is applied to get an optimal solution for the multi-
objective optimization problem. Though the heuristic methods are known for the major disadvantage of terminating 
at a local optimum, researchers can incorporate methods to overcome this difficulty by increasing the diversification 
in the search process.  
One such algorithm which supports such a diversification process is the artificial immune system based 
algorithm. Many authors have proposed the artificial immune systems algorithms for solving operational decision 
problems. Agarwal et al. (2007) apply a clonal selection algorithm for solving resource constraint project scheduling 
problem by considering a single objective of make-span. Bagheri et al. (2010) uses an artificial immune systems 
algorithm as a solution methodology for a flexible job shop scheduling problem. Altassan et al. (2012) propose an 
Artificial Immune System based heuristic to solve a fixed charge transportation problem by considering distribution 
cost as the objective. Though all the above mentioned literature applies artificial immune systems algorithm for a 
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single objective problems, Collelo and Cortes (2005) has proposed an artificial immune systems algorithm to solve a 
multi objective optimization problem.  
The review of the literature reveals the following research gaps, which provide ample scope for further research 
in the area of production-distribution system. Most of the production-distribution problem assumes a homogenous 
fleet of vehicles with infinite capacity. There can be heterogeneous fleet of vehicles. The production-distribution 
problem uses a direct shipping strategy from supplier to each customer. Routing can be considered in the model. 
Hence, this paper considers a production-distribution problem described in Cakici et al. (2011) and extends the 
model incorporating routing concepts and heterogeneous fleet of vehicles. In this work, a meta-heuristic method of 
clonal selection algorithm is proposed for solving a multi-objective optimization problem in a production-
distribution system. 
3. Problem definition 
In this study an integrated production distribution problem with one manufacturer and more than one customer is 
considered. A customer is allowed to place more than one order. The orders are received by a manufacturer and 
processed on a single production line, and delivered to customers by capacitated homogenous fleet of vehicles based 
on number of orders given by each customer. Whenever one customer places more than one order, the manufacturer 
ships those orders in one capacitated vehicle. There exist an infinite number of vehicles and a variable transportation 
cost incurs for each delivery based on transportation time. Each order is associated with a customer, weight (penalty 
for tardy jobs), processing time, due time, and size (volume or storage space required in the transportation unit). The 
vehicle capacity is defined as the maximum total size of the jobs that can be delivered together. Transportation times 
are also considered in addition to the processing times. 
3.1. Solution methodology 
The problem considered in the work consists of two objectives namely, total weighted tardiness and total 
distribution cost. But total weighted tardiness is in time units and total distribution cost is in monetary terms and at 
the same both are conflicting in nature i.e., if total weighted tardiness increases automatically total distribution cost 
decreases and vice versa. In this work in order to minimize these objectives two procedures are adopted as (i) 
Scalarization technique and (2) Pareto optimality.  
In scalarization technique both objectives of same units are added by multiplying each objective with a fraction 
that signifies importance of that objective in contrast to the other. Now in order to convert total weighted objective 
into monetary terms an assumption is made in such a way that weights associated with orders is considered as 
penalty imposed by the customer on manufacturer. Now both objectives multiplied with a fraction are added and 
sum of these fractions equals to one. This converts the multi objective problem to a single objective problem. The 
second procedure is Pareto optimality. In contrast to single-objective optimization, in which only one objective 
function is considered, multi-objective optimization considers multiple objective functions simultaneously and seeks 
to identify a set of optimal solutions which are defined as Pareto-optimal solutions. A solution is considered to 
belong to the Pareto-optimal set when there is no other solution that can improve at least one of the optimization 
objectives without deteriorating any other objective. This set of solutions is also known as the Pareto front when 
plotted on the objective space. 
Initially, a mathematical model is adopted from Cakici et al. 2011 and is solved using LINGO 11.0. Whenever the 
order size increases, the effort grows exponentially with problem size because Branch and bound algorithm is used 
as solution procedure in LINGO. It is difficult to get an optimal solution whenever the problem size is increases. 
Hence, a clonal selection algorithm is proposed to solve the above discussed problem.  
The same problem is further extended with two modifications in the problem scenario (i) considering routing 
between customers and (ii) considering heterogeneous fleet of vehicles. Later a Pareto optimal analysis is carried out 
for the problem. 
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3.1.1. Assumptions 
 
These are assumptions considered at the time of solving the above problem. Out of which first few scheduling 
assumptions are taken from Pinedo (2002). These are considered only to subside the complexity of problem without 
loss of generality. Those are 
1. All the orders are available at time zero. 
2. The machines are available throughout the scheduling period. 
3. The processing times are known and deterministic. 
4. The manufacturer processes all orders in a single production line. 
5. An order once taken up is completed fully before the next order is taken. 
6. Average velocity of all vehicles moving is same. 
7. There is no limitation on number of vehicles and a homogeneous fleet of vehicles is used. 
8. A separate trip from manufacturer to customer is assigned to each order without visiting any other location. 
3.2. Clonal selection algorithm  
This is one of the few algorithms available in the suite of artificial immune systems algorithms (AIS), which 
deals with the immunological theory (Dasgupta and Nino, 2009). It is a population based AIS algorithm. AIS are 
bio-inspired algorithms that take their inspiration from the natural immune system, whose function is to detect and 
protect the organism against foreign organisms, like viruses, bacteria, fungi and parasites that can be cause of 
diseases. The different steps of the algorithm for problem solving is given below 
3.2.1. Initialization  
 
Initialize a population of antibodies. Each antibody represents a solution in the search space. Check the 
feasibility of each antibody. The first step in meta-heuristic based clonal selection algorithm is antibody generation. 
Usually antibodies are used to represent the solution. A row matrix represents solution representation of these 
classes of problems. The idea of antibody representation and encoding and decoding of antibody are adopted from 
Bagheri et al.,(2010) and Agarwal et al., (2007). The proposed solution representation consists of two parts: (1) 
Tardiness representation and (2) Distribution cost representation. The tardiness representation consists of sequence 
in which orders are to be processed on a production line. The distribution cost representation consists of N number 
of columns because the maximum number of trucks (vehicles) needed is equal to number of orders (N) because the 
volume of order placed by customer is less than minimum capacity vehicle. Each column represents one truck and 
the number in the column signifies the number of orders assigned to that truck by random assignment. In the 
scenario of without routing, each order is dispatched by a separate vehicle and every column is assigned a value as 
one. If routing is considered i.e., more than one order is to be accommodated in one vehicle, the number in the 
column may be greater than one also. 
 For every antibody representation first N columns represent tardiness representation and remaining N 
columns represents distribution cost representation. So, the order of row matrix used for antibody representation is 1 
× 2N. The figure shown below is a random antibody present in the initialization. Figure 1 shows proposed antibody 
representation.  
 
Figure 1 Proposed solution representation for the production-distribution problem 
3.2.2. Affinity evaluation  
 
Determine the affinity of selected antibodies using randomly generated antibody. Affinity evaluation means 
calculation of objective function values using N antibodies generated randomly. In the present work, with two 
52   K.Y. Sreeram and Vinay V. Panicker /  Procedia - Social and Behavioral Sciences  189 ( 2015 )  48 – 56 
objectives having different kind of representation it is possible to generate N2¬ number of antibodies using the N 
antibodies. Each tardiness representation is associated with N ways for representing distribution cost. By this way 
the diversity of antibodies are increased in the search space. For example, consider two randomly generated 
antibodies for five customers each places one order to a manufacturer. The randomly generated antibodies for 
tardiness representation and distribution cost representation are shown below in Table 1. 
 
Table 1 Example considered to explain possible antibodies generated using initial ones 
  Tardiness representation  Distribution cost representation  
4 2 3 1 5 1 1 1 1 1 
5 4 1 3 2 0 2 1 2 0 
 
The total number of antibodies generated using two antibodies is shown below in Table 2. 
 
Table 2 New antibodies possible from initially random generated ones 
Tardiness representation Distribution cost representation 
4 2 3 1 5 1 1 1 1 1 
4 2 3 1 5 0 2 1 2 0 
5 4 1 3 2 1 1 1 1 1 
5 4 1 3 2 0 2 1 2 0 
 
After generating all possible combinations of two halves of antibodies calculate both the objective function value. 
3.2.3. Cloning or proliferation  
 
Cloning or proliferation: It is the selection of high affinity antibodies from the pool generated randomly. The 
selected antibodies will be cloned (reproduced) independently and proportionally to their affinities, generating a 
repertoire of clones: the higher the affinity, the higher the number of clones generated for each of the selected 
antibodies. Depending on the rank, each antibody is cloned yi number of times. The value of yi can be obtained from 







         (1) 
 
Where, 
β multiplying factor,  
N number of antibodies,  
i rank of antibody, 
yi number of clones generated by ith rank antibody. 
 











50E          (2) 
 
Select the first Nc non-dominated antibodies for the cloning. If the number of non-dominated antibodies of rank 1 is 
less than Nc then consider the non-dominated antibodies of lowest ranks till the number of antibodies is equal to Nc. 
All these Nc number of antibodies are added to the memory. Rank the antibodies present in the memory with respect 
to the objective function values then clone each antibody yi number of times. Thereafter affinity maturation is 
performed on all cloned antibodies. 
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3.2.4. Hyper-mutation  
It is the process in which one or more elements in the antibody are changed from its previous form there by the 
objective function value will change. In the present work, five types of mutation processes such as (i) Inverted 
mutation (ii) Pair wise exchange mutation (iii) Insertion mutation (iv) Displacement mutation and (v) Shift 
mutation; are used as a diversification tool as it is difficult to get minimum cost antibody from the cloned one. 
In all the above mutation processes tardiness representation and distribution cost representation are mutated 
separately. All these mutation process are done for each cloned antibody. The process of mutation is done using 
random numbers.  
3.2.5. Affinity evaluation and reselection  
Determine the affinity of matured clones and re-select the higher affinity clones. 
3.2.6. Cloning or proliferation  
Replace antibodies with lowest affinities by randomly generated new antibodies. 
4. Results and discussion 
The proposed algorithm, CLONALG for the problem without considering routing is validated in comparison with 
the solution obtained using optimization software LINGO 11.0 for small size problems. This algorithm is modified 
for solving the problem considering routing between customers. The objective function values obtained for 
problems with and without routing are analyzed using scalarization method. Later the algorithm is applied for a 
problem with routing and heterogeneous fleet of vehicles. Further, a Pareto optimality analysis is carried on the 
problem with routing and heterogeneous fleet of vehicles considering total weighted tardiness in time units and total 




Figure 2 Comparison of objective function value obtained using LINGO and CLONALG 
 
Figure 2 provides a comparison between the objective function value obtained using LINGO11.0 and 
CLONALG for a sample production distribution problem involving a homogeneous fleet of vehicles and without 
routing between customers. From the figure 2, it is concluded that when the number of orders is less, LINGO 11.0 is 
able to give optimal solution and the same solution is obtained using CLONALG in less computational time. As the 
number of orders is more than seven, LINGO is unable to give optimal solution within reasonable time.  
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Figure 3 Comparison of objective function value for with and without considering Routing 
 
Considering routing between customers further reduces the value of the objective function. The production 
distribution problem with routing and homogeneous fleet of vehicles is solved by using CLONALG and is compared 
with the same problem without routing. Figure 3 depicts the objective function value for the production distribution 
problem without and with routing scenario for the randomly generated problem instances. From the plot it is 
concluded there is significant difference in objective function value between both the cases. For the randomly 
generated problem instances, it is calculated that on an average 24.3% of savings in objective function value is 
obtained with considering routing between customers.  
Figure 4 plots the comparison between the objective function value for the production distribution problem 
using a homogeneous and a heterogeneous fleet of vehicles with routing between customers for the randomly 
generated problem instances. From the figure it is concluded there is significant difference in objective function 
value between both the cases. 
 
 
Figure 4 Comparing the objective function values for homogeneous and heterogeneous fleet of vehicles 
 
From the objective function values, it is computed that on an average 7% of savings in objective function value 
is obtained using heterogeneous fleet of vehicle rather than a homogeneous fleet of vehicle. 
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Figure 5 Pareto optimal front 
 
For the production distribution problem with a heterogeneous fleet of vehicle and routing between customers, a 
Pareto optimality analysis is done. The curve generated using the above Pareto optimal solutions is called Pareto 
optimal front. The corresponding Pareto-optimal front for a sample problem is shown in figure 5. In the case of 
Pareto optimal analysis, there cannot be single objective function value because both the objectives are in different 
units i.e., first one the total weighted tardiness is in time units and second one being the total distribution cost in 
monetary units. A better solution among the Pareto optimal solution is found among the diverse set of solution 
which is suitable for the environment prevailing at customers end.  
 
5. Conclusions and further scope of study 
This work analyzes a multi-objective optimization problem with two objectives namely, total weighted tardiness 
and total distribution cost. The mathematical model of a production-distribution system is developed using 
optimization software LINGO 11.0. The computational time complexity increases as the problem size increases. 
Hence, this work proposes CLONALG to solve the production-distribution problem.  
Initially the algorithm is validated using the optimization software LINGO 11.0. The model is extended with the 
introduction of the vehicle routing and the results are compared between with routing and without routing. It is 
concluded that with the vehicle routing, some cost savings can be achieved. Finally the heterogeneous fleet of 
vehicles are introduced and both objectives are considered individually with their usual units i.e., tardiness in time 
units and distribution cost in monetary terms. Being both the objectives are conflicting in nature multi-objective 
analysis is done and Pareto optimal curves are drawn. 
The present work considers only one manufacturer receiving multiple orders but there can be multiple customers 
with multiple manufacturers. In this study, all jobs manufactured by the manufacturer are assumed to be of same 
size but there is a possibility of considering an effective unit size. This provides scope for further research in these 
directions. 
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